Abstract. Finding a suitable transferable energy function for modeling of how different proteins fold into their respective native states is a major challenge in biophysics. Here, we discuss an all-atom protein model with implicit water and some studies based on this model. The model has a simplified and computationally convenient energy function. Despite its simplicity, the model has been found to quite successfully describe the structure and melting behavior of several peptides with about 20 amino acids. The same model, with unchanged parameters, has also been used to investigate the aggregation behavior of a fragment of Alzheimer's Aβ peptide and the mechanical properties of the 76-residue protein ubiquitin.
Introduction
How a protein interacts with other biological molecules, and therefore how it functions, depends crucially on its three-dimensional structure [1] . Knowledge of protein structures is therefore central to understanding biology. A protein structure is, on the other hand, not a completely static object, so having a single picture of the structure need not be sufficient. In fact, there are proteins that are unstructured or only partially structured and yet functional [2] . Bioinformatic analyses of genomes suggest that such proteins, which may adopt a specific structure upon binding to their biological targets, are more common than previously thought [3] . Another manifestation of the flexibility of protein chains is when misfolded proteins aggregate to form so-called amyloid fibrils [4] . Amyloid fibrils have been observed in many human disorders, including Alzheimer's disease and type II diabetes.
These examples clearly illustrate that being able to simulate protein dynamics on the computer is important in itself and not "only" as a means for structure prediction. Protein simulations are, however, notoriously difficult. The mere size of a protein molecule makes a quantum-mechanical calculation unfeasible, so the models currently used are classical, and their level of detail varies. Studies at different levels of resolution serve complementary roles. Coarse-grained approaches, in the form of lattice or reduced off-lattice models, offer computational convenience and transparency and have been used to gain many useful insights into general aspects of protein folding (for a review, see [5] ; see also the contribution by Bachmann and Janke in Chap. 8 of this volume). To study more detailed questions regarding specific proteins, it is often natural, and perhaps even necessary, to turn to atomistically detailed models. For all-atom simulations of proteins, there exists a number of widely used force fields, including AMBER [6] , CHARMM [7] , GROMOS [8] and OPLS-AA [9] . These force fields contain a large number of parameters, which typically are determined using experimental data or quantum-mechanical calculations on smaller molecules. The surrounding water molecules 1 are sometimes explicitly included in the calculations, but far from always, because it is computationally very expensive.
All-atom protein simulations are being used to study a wide range of problems, from ligand binding to unfolding and refolding studies. To fold an arbitrary amino acid sequence to its native state, from a random initial conformation, remains, however, a challenge. Such simulations are nontrivial also for small proteins [10] , or peptides, for which the calculations are feasible from a purely computational perspective, which indicates that force-field development and refinement is a problem that needs continued attention.
This article discusses a simplified all-atom model for protein folding studies [11, 12, 13] . The model is based on a simple ansatz for the interaction potential. The determination of the potential is different compared to many other models because the potential is calibrated against data pertaining to folding properties of whole chains rather than properties of small groups of atoms. The calibration involves high-statistics folding simulations for a set of experimentally well-characterized peptides. The idea is to successively refine the potential by studying more and more sequences, which will impose new constraints on the model. It should be stressed that changes of the potential are accepted only if they are backward compatible, so that the model does not lose its ability to fold previously studied sequences.
The current version of this model is able to fold several sequences with about 20 amino acids. There are also examples of sequences of this size that the model fails to fold. One example is the tryptophan zipper β-hairpins [14] , which make β-hairpins in the model but with the wrong topology. The set of sequences that the model can fold includes both α-helical and β-sheet peptides. Furthermore, for these sequences, the model provides a good description not only of the folded structure but also of the folded population and its temperature dependence [13] . Without changing any parameters, the model was also used to study the aggregation properties of the 7-amino acid fragment Aβ 16−22 of the amyloid-β peptide associated with Alzheimer's disease, with very promising results [15] . Recently, the mechanical [16] and the thermal [17] unfolding of ubiquitin, a protein with 76 amino acids, was investigated, again using exactly the same model. All the simulations of this model were performed using Monte Carlo methods.
The article is organized as follows. Section 10.2 gives a brief description of the model and the Monte Carlo methods used. Section 10.3 discusses the results obtained in the different studies mentioned above. A brief summary can be found in Sect. 10.4.
Model and Methods
The model studied contains all atoms of the protein chains, including hydrogen atoms, but no explicit water molecules. It assumes fixed bond lengths, bond angles and peptide torsion angles (180 • ), so that each amino acid has only the Ramachandran torsion angles φ, ψ and a number of side-chain torsion angles as its degrees of freedom.
The energy function of the model is intended to provide an effective description of the most relevant interactions. Many electrostatic interactions are ignored; they are assumed to be less important due to screening by the surrounding water. In the future, the energy function may be further developed with the inclusion of new terms such as Coulomb interactions between side-chain charges, but not before it becomes clear that they are needed.
A basic and somewhat unusual feature of the model is that its energy function is determined by studying folding properties of whole chains. For this approach to be computationally feasible, it is desirable to work with a simple potential with relatively few parameters to tune. At first glance, it may seem strange to combine such a potential with a detailed all-atom description of the protein chains; why spend time on a complicated all-atom description when the potential anyhow is simplified? It should therefore be stressed that including more atoms generally tends to make the potential simpler. To illustrate this point, consider the local interactions along the backbone, which are known to be important for the overall shape of the energy landscape [18] . It is well known that simple steric clashes explain much of the shape of the Ramachandran φ, ψ map [19] . In a model where some atoms are missing, the corresponding clashes must be accounted for through effective and generally more complicated interactions.
Energy Function
The energy function
is composed of four terms. The term E loc is local in sequence and represents an electrostatic interaction between adjacent peptide units along the chain. The other three terms are nonlocal in sequence. The excluded volume term E ev is a 1/r 12 repulsion between pairs of atoms. The terms responsible for driving folding in this model are E hb and E hp , which represent hydrogen bonds and an effective hydrophobic attraction between nonpolar side chains, respectively. E hb contains two kinds of hydrogen bonds, backbone-backbone bonds and bonds between charged side chains and the backbone. The functional form of the hydrogen bond potential is u(r)v(α, β), where the radial part is a 12,10-Lennard-Jones potential:
2)
The angular dependence, v(α, β), has the form
o t h e r w i s e (10.3) where α = β = 180
• corresponds to a perfectly aligned hydrogen bond. The effective hydrophobic attraction, E hp , has the pairwise additive form
where C IJ is a measure of the degree of contact between side chains I and J, and M IJ sets the energy that a pair in full contact gets. Specifically, C IJ is defined as
where A I and A J are predetermined sets of nonpolar side-chain atoms and f (x) is a piecewise linear function which is 1 if x < (3.5Å) 2 and 0 if x > (4.5Å)
2 . Roughly speaking, C IJ is the fraction of atoms in A I or A J that are in contact with some atom from the other side chain.
The energy parameters of the model, like the M IJ s in (10.4) , are internally in the simulations numbers on a dimensionless scale. The correspondence (a constant factor) of this scale to the physical energy scale is not obvious due to the effective character of the interaction terms. It can be determined by using the model prediction of the dimensionless energy value for an observable and the experimental value for the same. We chose to use the melting temperature of the Trp cage for this calibration, so the calculated melting temperature of this peptide was set to its experimental value, T m = 315 K [20] . It must be emphasized that the energy scale was left unchanged when studying the other peptides.
For simplicity, this description of the potential was for a single protein chain. The model can be easily extended to multichain systems. Different chains then interact by excluded-volume interactions, hydrogen bonding and hydrophobic attraction between nonpolar side chains. The interchain interactions have the same form as the corresponding intrachain interactions.
Monte Carlo Methods
The thermodynamics of this model can be simulated by using simple singlevariable Monte Carlo updates. The torsion angles are then turned one by one, and each change is followed by a Metropolis accept/reject question. This update can be applied to both backbone and side-chain degrees of freedom. However, when applied to a backbone angle, this method tends to lead to a large nonlocal deformation of the chain, which is likely to be rejected if the chain is compact.
Therefore, it is desirable to also include a backbone update less drastic than the single-angle update. One possibility is to use a strictly local method such as the concerted-rotation algorithm [21] . For long chains, such an update has the advantage of leaving a large part of the energy function unchanged. However, strictly local methods tend to be quite complex, and the proteins amenable to atomic-level simulations are in any case not very large. Instead, we have therefore chosen to use biased Gaussian steps [22] , a semi-local method that is flexible and easy to implement. This method simultaneously turns n adjacent torsion angles τ i along the backbone, where n typically is 7 or 8. Let τ = (τ 1 , . . . , τ n ). A tentative new set of angles, τ , is generated with a bias toward local deformations. Specifically, using a conformation-dependent n × n matrix G such that (τ − τ )
T G(τ − τ ) ≈ 0 for changes corresponding to local deformations, τ is drawn from the Gaussian distribution
where 1 denotes the n × n unit matrix and a and b are tunable parameters. The parameter a controls the acceptance rate, whereas b sets the degree of bias toward local deformations. Typical values are a = 300 (rad) −2 and b = 10 (rad/Å) −2 . Finally, the new conformation τ is subject to an accept/reject step, with probability
for acceptance (k is Boltzmann's constant and T is the temperature). The factor W (τ → τ )/W (τ → τ ) is needed for detailed balance to be fulfilled, since G is conformation-dependent and W thereby asymmetric.
These two updates, the single-variable update and the biased Gaussian step, are updates for simulations in the canonical ensemble. In recent years, there has been an increasing interest in generalized-ensemble techniques for protein folding simulations [23] . The aim of these methods is to make it easier for the system to jump between different free-energy minima and thereby speed up the exploration of conformational space. A method of this type that has been used for the present model is simulated tempering [24, 25, 26] . In this method, the temperature is a dynamical variable that can take on a set of predetermined values, T k . The extended ensemble studied by this method is defined by the partition function
where the g k s are tunable parameters and Z(T k ) denotes the canonical partition function at temperature T k . The temperature jumps are controlled by a Metropolis accept/reject question.
Software
The program package PROFASI (PROtein Folding and Aggregation SImulator) implements the model and Monte Carlo methods described above [27] and is freely available to academic users. This package, written in C++, is designed to handle both single chains and multichain systems in a flexible and efficient manner. Using this package, the folding studies below require roughly a day on a cluster of 10 2.2 GHz processors for each peptide.
Results
This section presents results obtained using the model described above. The number of sequences that this model can fold is limited. On the other hand, it should be stressed that all the different sequences are studied for one and the same choice of model parameters. In other words, the only input to the calculations is the amino acid sequence. All our calculations, except in the unfolding studies of ubiquitin, were started from random initial configurations.
Peptide Folding
Folding studies based on this model have been performed [13] for the following set of peptides: the α-helical Trp cage [20] and F s [28] , the β-hairpins GB1p [29] and GB1m2/GB1m3 [30] , and the three-stranded β-sheets Betanova [31] and LLM [32] . These peptides are schematically illustrated in Fig. 10 .1. Shown from left to right are the Trp cage, Fs, a β-hairpin (GB1p, GB1m2 and GB1m3) and a three-stranded β-sheet (Betanova and LLM). Drawn with RasMol [33] A common measure of similarity between protein conformations is the root-mean-square deviation (RMSD), minimized over rigid-body translations and rotations. Below, Δ b and Δ denote RMSD values calculated over backbone atoms and all nonhydrogen atoms, respectively.
Trp Cage
The 20-amino acid Trp cage is a "miniprotein" with a compact folded state and a melting temperature of 315 K [20] . Its NMR-derived native structure [20] contains an α-helix (amino acids 2-8), a single turn of 3 10 -helix (amino acids [11] [12] [13] [14] and a hydrophobic core consisting of three prolines (Pro12, Pro18, Pro19) and two aromatic amino acids (Tyr3, Trp6). The Trp cage has been studied using several different models [34, 35, 36, 37, 38] . Many groups obtained structures similar to the experimental structure, but it was not shown that the melting behavior is well described by any of these models. The first of these figures shows the free energy F (Δ b , E) calculated as a function of backbone RMSD from the experimental structure, Δ b , and energy, E, at 275 K. F (Δ b , E) has a simple shape with one dominating minimum located at Δ b ≈ 2.3Å, showing that this peptide, in the model, adopts a structure similar to the experimental structure. Figure 10 .3 illustrates the melting behavior. The melting temperature of the Trp cage was, as mentioned earlier, used to set the energy scale of the model and is therefore by construction equal to its experimental value. The rate at which the native structure melts with temperature is, by contrast, a prediction of the model. Figure 10 .3(a) shows the temperature dependence of the helix content. A simple two-state fit provides an excellent description of the data. Figure 10 . 3(b) shows the native population obtained from this fit along with experimental data. The calculated native population agrees very well with experimental data over the entire temperature range, although the agreement is not prefect at low temperature. The model thus gives a realistic melting behavior. 
where Tm is the melting temperature and ΔE is the energy difference between the unfolded and native states. The helix content H is, for an N -amino acid chain, defined as the fraction of the N − 2 inner amino acids with their Ramachandran (φ, ψ) pair in the α-helix region −90 The F s peptide is a designed alanine-based peptide with 21 amino acids, which makes an α-helix [28] . It has been extensively studied both experimentally [28, 39, 40] and theoretically [41, 42, 43] . Its melting behavior was investigated experimentally using circular dichroism (CD) as well as infrared (IR) spectroscopy, with slightly different results. The melting temperature measured by IR was 334 K [39] , whereas two CD-based studies obtained T m = 308 K [28] and T m = 303 K [40] . Figure 10 .4(a) shows a F (Δ b , E) plot for F s , analogous to that in Fig. 10 .2 for the Trp cage. In the calculations for F s , Δ b denotes backbone RMSD from an ideal α-helix. The free energy has its global minimum at Δ b ≈ 0.5Å, which indeed corresponds to an α-helix. In addition, there are two local minima with Δ b ≈ 7Å and Δ b ≈ 11Å, respectively, both of which correspond to β-sheet structures. These two local minima are very weakly populated compared to the α-helix minimum. Figure 10 .4(b) shows the temperature dependence of the helix content. A two-state fit of the data gave a melting temperature of T m = 304 ± 1 K and an energy difference of ΔE = 11.9 ± 0.3 kcal/mol. This melting temperature is lower than what was found by IR, but in good agreement with the CDbased results. The result for ΔE is furthermore in perfect agreement with the CD-based result of Thompson et al. [40] , namely ΔE = 12 ± 2 kcal/mol. The helix-coil transition of F s is thus very similar in both location and sharpness to what was found in this experimental study.
GB1p, GB1m2 and GB1m3
Let us now turn from α-helical structure to β-sheet structure. The GB1p, GB1m2 and GB1m3 peptides make β-hairpins, which is the minimal unit of β-sheet structure. A β-hairpin has two strands which are connected by hydrogen bonds. GB1p is a fragment from the protein G B1 domain (amino acids [41] [42] [43] [44] [45] [46] [47] [48] [49] [50] [51] [52] [53] [54] [55] [56] and is known to make a β-hairpin on its own [29] . Many groups have performed simulations of this particular peptide [44, 45, 46, 47, 48, 49, 50, 51, 52, 53, 54] . GB1m2 and GB1m3 are two sequences recently derived from GB1p [30] . By CD and NMR, it was found that the folded populations of GB1p, GB1m2 and GB1m3 at 298 K are ∼30, 74 ± 5 and 86 ± 3%, respectively [30] . The stability of GB1p was also studied using Trp fluorescence [55] . A two-state analysis of these data gave T m = 297 K and ΔE = 11.6 kcal/mol [55] . These values correspond to a native population higher than that found by CD and NMR. Figure 10 .5 shows the free energy F (Δ, E) for GB1p and GB1m3 at 275 K, as obtained using the model of this article. Here, an RMSD Δ calculated over all heavy atoms is needed because the backbone RMSD Δ b cannot distinguish between the two possible β-hairpin topologies (with similar backbone folds but oppositely oriented side chains). A complete three-dimensional structure has not been determined for any of these peptides. Reference structures for the RMSD calculation were therefore derived from the NMR structure for the full protein G B1 domain [56] . For GB1p, the free energy F (Δ, E) has two lowlying minima, both of which are similar to the reference structure (Δ ≈ 2.0Å and Δ ≈ 3.2Å, respectively). Both these minima correspond to a β-hairpin with native hydrogen bonds. The difference between the two minima lies in the shape of the turn region. In addition to these minima, there are two weakly populated local minima at Δ ≈ 5.3Å and Δ ≈ 8-10Å, which correspond to a β-hairpin with the opposite topology (flipped side chains) and α-helix, respectively. The free-energy plot for GB1m3 (see Fig. 10 .5(b)) has a simpler shape with only one detectable minimum. This sequence is more stable than the original GB1p sequence, as it should. The results for GB1m2 (not shown) are very similar to those for GB1m3.
Different experiments on GB1p have, as mentioned above, obtained different results for the native population. To see whether the model can explain this discrepancy, two different analyses were performed. First, the temperature dependence of the hydrophobicity energy E hp was studied. This quantity should be strongly correlated with Trp fluorescence because the Trp amino acid (Trp43) is part of a hydrophobic cluster in the folded structure. A two-state fit of the E hp data (see Fig. 10 .6(a)) gave T m = 297 ± 1 K and ΔE = 14.2 ± 0.2 kcal/mol, which indeed is in good agreement with the Trp fluorescence results. Figure 10 .6a also shows the corresponding results for GB1m3. As expected, the melting curve is shifted toward higher temperature for GB1m3. A second and independent estimate of the native population can be obtained by studying native hydrogen bonds. The number of native hydrogen bonds should be strongly correlated with the native population as obtained by CD and NMR. For a given conformation, let N nat hb denote the number of native hydrogen bonds that are present (a hydrogen bond is considered formed if its energy is lower than a cutoff). Figure 10 .6(b) shows the probability distribution of N nat hb for GB1p and GB1m3 at 299 K. The distribution has a clear bimodal shape for both peptides, with one native and one unfolded peak. The folded population can be directly estimated from the area of the native peak. With N nat hb ≥ 3 as criterion for native, one finds that GB1p and GB1m3 have folded populations of 27±2 and 82±1 %, respectively. These results are in good agreement with the above-mentioned CD-and NMR-based results at 298 K [30] (∼30 % for GB1p; 86 ± 3 % for GB1m3).
The discrepancy between the experimental results for the native population of GB1p is thus very similar to what one finds in the model when analyzing different observables. This finding suggests that the difference between the experimental results reflects a true dependence of the apparent folded population on the observable studied. Such a dependence does not occur for ideal two-state systems, but a simple two-state picture might very well be inadequate for a small peptide such as GB1p. For GB1m3, there is no Trp 
Betanova and LLM
Betanova is a designed three-stranded β-sheet peptide with 20 amino acids [31] . It is only marginally stable, but Betanova mutants with higher stability have been developed, such as the triple mutant LLM (Val5Leu, Asn12Leu, Thr17Met) [32] . Betanova has been studied by both NMR [32] and computer simulations [57, 58, 59 ]. The NMR-based native populations of Betanova and LLM are 9 and 36%, respectively, at 283 K.
It turns out that Betanova and LLM make three-stranded β-sheets similar to the experimental structures in the model of this article. Both peptides have low stability, as they should, as can be seen from Fig. 10 .7. This figure shows the probability distribution of N nat hb for these peptides at 287 K, N nat hb being the number of native hydrogen bonds. In both cases, the distribution exhibits three peaks: a native peak at high N [32] . With N nat hb ≥ 6 as the definition of native, one finds that Betanova and LLM are 6 ± 1 and 38 ± 2 % folded, respectively, at this temperature. These values are in good agreement with the NMR-based native populations. Table 10 .1 gives a summary of calculated and experimental native populations for the five β-sheet peptides studied. The model results are based on the number of native hydrogen bonds, whereas the experimental results are based on CD and NMR. The overall agreement is very good, and it should be stressed that this agreement was achieved without having to tune any model parameters. Good agreement with experimental stability data was also seen for the α-helical Trp cage and F s peptides. This quantitative agreement indicates that factors such as Coulomb interactions between charged amino acids play a quite limited role in the folding thermodynamics of these peptides, compared to hydrogen bonding and hydrophobic attraction, which are the main driving forces of this model.
Aggregation of Aβ 16−22 Peptides
The fibrillar aggregates that characterize amyloid diseases are formed by specific proteins, but many other proteins are capable of forming similar aggregated structures [4, 60] . Among the known fibril-forming proteins are several fragments of the amyloid Aβ peptide associated with Alzheimer's disease. One such fragment is the 7-amino acid Aβ 16−22 peptide [61] . This peptide contains the hydrophobic 16-20-amino acid segment (Lys-Leu-Val-Phe-Phe), which is known to be important in the Aβ-Aβ interaction [62] . Its small size makes Aβ 16−22 well suited as a model system for studying the mechanisms of fibril formation. Computer simulations of Aβ 16−22 systems have been reported by several groups [63, 64, 65, 66] .
An amyloid fibril is composed of β-sheets whose strands run perpendicular to the fibril axis [67] . For Aβ 16−22 fibrils, there is evidence from solid-state NMR that the β-strands have an antiparallel organization [61, 68] .
The exact role of protein aggregation in amyloid diseases remains to be clarified. However, there is increasing evidence suggesting that the full fibrils are not the neurotoxic agent, whereas there are studies linking Aβ oligomers to neurotoxicity [69, 70, 71] .
Using the model of this article, a study of small Aβ 16−22 systems was performed [15] . The energy function was exactly the same as in the folding studies above. Systems of one, three and six Aβ 16−22 peptides were studied by Monte Carlo simulations, which were started from random (nonaggregated) structures. The N c = 3 and N c = 6 systems, N c being the number of chains, were contained in periodic boxes. The box sizes were (35Å) 3 and (44Å) 3 for N c = 3 and N c = 6, corresponding to a constant peptide concentration. To the set of Monte Carlo moves, rigid-body translations and rotations of whole chains were added. Figure 10 .8 shows the α-helix and β-strand contents H and S against temperature for different N c . For N c = 1, both H and S are small at all temperatures studied. So, in this model, the Aβ 16−22 monomer is mainly a random coil throughout this temperature range. The N c = 3 and N c = 6 systems show a qualitatively different behavior; S increases sharply with decreasing temperature, to values of S = 0.6 and higher, whereas H is small. These results show that unless the temperature is too high, the three-and six-chain systems self-assemble into ordered structures with a high β-strand content.
Secondary Structure
The results for N c = 1 and N c = 3 can be compared with results from molecular dynamics simulations with explicit water by Klimov and Thirumalai [64] . The conclusion that the isolated Aβ 16−22 peptide is mainly a random coil is in agreement with their results. However, the N c = 3 results disagree with theirs because they found a lower β-strand content for N c = 3 than for N c = 1. 
• and that β-strand corresponds to −150
• . The average α-helix and β-strand contents, over all the chains of the system, are denoted by H and S, respectively. (a) The α-helix content H against temperature T for Nc = 1 (•), Nc = 3 (•) and Nc = 6 ( ). Lines joining data points are only a guide for the eye. (b) Same for the β-strand content S β-Strand Organization As mentioned above, there is experimental evidence [61, 68] that the β-strands in full Aβ 16−22 fibrils have an antiparallel organization. To examine the β-strand organization in the model, parallel and antiparallel pairs of strands were identified and counted. Given a multichain configuration, all pairs of chains were identified such that (i) their interchain hydrogen bond energy was less than a cutoff (roughly corresponding to 2-3 hydrogen bonds), and (ii) both chains had a β-strand content higher than 0.5. For each such pair of chains, the scalar product of their normalized end-to-end unit vectors was calculated. If this scalar product was greater than 0.7 (less than −0.7), the two chains were taken as parallel (antiparallel). The numbers of such parallel and antiparallel pairs are denoted by n + and n − , respectively. Table 10 .2 shows the joint probability distribution P (n + , n − ) for the N c = 6 system at T = 287 K. From this table, it can be seen that many configurations contain mixed β-sheet structure. Nevertheless, there is a clear asymmetry between n + and n − ; large n − values are much more probable than large n + values. The combination (n + , n − ) = (4, 0) is, e.g., very unlikely to occur, whereas (n + , n − ) = (0, 4) does occur with a significant frequency.
The results in Table 10 .2 were obtained at the lowest temperature studied. With increasing temperature, the average n + and n − steadily decrease. At the highest temperature studied, 369 K, about 99% of the conformations have n + = n − = 0.
A clear trend seen in Table 10 .2 is that large n + values are suppressed, which means that large parallel β-sheets are unlikely to form. The probability of having large antiparallel β-sheets is higher. Compared to purely antiparallel β-sheet structures, it is possible that mixed β-sheet structures are more difficult to extend to large stable structures. To be able to check whether or not this is the case, simulations of larger systems are required.
Why are antiparallel β-sheets favored over parallel ones? Klimov and Thirumalai [64] concluded that Aβ 16−22 peptides make antiparallel β-sheets because of Coulomb interactions between charged side chains; the two end side chains of the Aβ 16−22 peptide carry opposite charges, which indeed should make the antiparallel orientation electrostatically favorable. However, our model completely ignores Coulomb interactions between side-chain charges and still strongly favors the antiparallel organization. Other mechanisms than Coulomb interactions between side-chain charges might therefore play a significant role, such as the geometry of backbone-backbone hydrogen bonds, steric effects, and the precise distribution of hydrophobicity along the chains.
Examples of Low-Energy Structures
What is the typical shape of the aggregated structures? In the N c = 6 simulations, no single dominating shape was observed, but rather a number of more or less degenerate local free-energy minima. Figure 10 .9 shows two snapshots of such minima.
In the simplest class of typical structures observed in the simulations, five of the chains form a relatively flat β-sheet, whereas the remaining chain is a random coil and held in contact with the β-sheet by hydrophobic attraction. Six-stranded β-sheets also occurred in the simulations, but with a very low frequency. Furthermore, for the six-chain system, there were new nontrivial structures with no analogs in the three-chain simulations. The second structure in Fig. 10.9 illustrates this. Here, stability is achieved by stacking two different, three-stranded, β-sheets together, which brings hydrophobic side chains from the two β-sheets in close contact. Such "sandwiches" occurred with a nonnegligible frequency in the simulations, although not as frequently as five-stranded β-sheets.
Mechanical Unfolding of Ubiquitin
The same model has also been used to study the mechanical unfolding of ubiquitin [16, 17] , a protein with 76 amino acids. The unfolding behavior of Fig. 10.9 . Two typical low-energy structures from the simulations of six Aβ 16−22 peptides: a five-stranded β-sheet (left), and two three-stranded β-sheets "sandwiching" several of their hydrophobic side chains between them (right). Drawn with RasMol [33] ubiquitin under the influence of a stretching force was recently investigated experimentally by single-molecule constant-force methods [72] . Many observed unfolding traces had a simple two-state character, whereas others showed clear evidence of intermediate states. The quantity monitored was the end-to-end distance. This quantity alone provides only limited information about the unfolding behavior and the structure of the intermediate states.
More detailed experimental information is available about the pathway followed by this protein in temperature-induced unfolding. In its native form, ubiquitin contains an α-helix packed against a five-stranded β-sheet (see Fig. 10.10) . The thermally most stable parts of the native structure seem to be the α-helix and the first (N-terminal) β-hairpin [74, 75] , which is part of the β-sheet. There is also evidence that the same two secondary-structure elements, the α-helix and the first β-hairpin, form early as ubiquitin folds to its native conformation. An extensive φ-value analysis, based on 27 mutations throughout the protein, found that both these structures are present in the transition state but that the rest of the molecule remains largely unstructured at this stage of folding [76] . Another study suggested that two additional β-strands are present in the transition state [77] .
The simulations of the mechanical unfolding of ubiquitin were carried out at constant force [16] . As in the constant-force experiments [72] , the forces acted on the chain ends. In the presence of these forces, the energy function becomesẼ = E − F · R, where E is given by (10.1), F is the force, and R denotes the end-to-end vector. The forces studied were 100, 140 and 200 pN. For each force, a set of more than 500 unfolding simulations were carried out using Monte Carlo dynamics. For the backbone angles, to avoid large unphysical deformations of the chain, the single-variable update was not used, but only the semi-local biased-Gaussian-step method. All simulations were started from the native structure but with different random number seeds. Figure 10 .11 shows the time evolution of the end-to-end distance r = |R| in two typical runs at 100 pN. From this figure, it can be seen that unfolding proceeds in a stepwise fashion in the simulations, although the steps are not as sharp as in the experiments. In many runs, the unfolding occurred in a single step, as in run R1 in Fig. 10.11 . However, in agreement with the experiments [72] , there were also several examples of unfolding via intermediate states, as in run R2 in Fig. 10.11 . So, both one-step unfolding and unfolding through intermediate states indeed occurred in the simulations.
End-to-End Distance
Also, properties such as the size of the unfolding step, the frequency of occurrence of intermediate states and the position of the typical intermediate state were all found to be in reasonable agreement with experimental data [72] . For the range of forces studied, it was found that the size of the unfolding step increased with force, whereas intermediate states occurred more frequently at lower force. These dependencies on the strength of the applied force remain to be verified experimentally.
The comparison of these results with experimental data serve as an important test of the model; the model was developed by folding studies of much smaller chains, and it is not at all clear that it can fold ubiquitin. Unfolding is, however, easier to simulate than folding to a unique native state, and atomic-level simulations of force-induced unfolding have been performed before for several proteins including ubiquitin [78] and the I27 Ig domain from titin [79, 80] . The results above suggest that the model of this article indeed is able to capture key features of the mechanical unfolding of ubiquitin. Having verified these properties, more detailed measurements were performed, which in particularly aimed at characterizing the typical intermediate state. 
Unfolding Pathway
To delineate the unfolding process, five key elements of the native structure, labeled A-E, were followed (see Fig. 10 .10). The structure A is the α-helix, whereas B-E are the four different pairs of adjacent strands in the β-sheet. To examine the order in which the structures A-E break, the presence of their native hydrogen bonds was followed as a function of the end-to-end distance r (r shows an essentially monotonic increase with time). Figure 10 .12 shows the result of this analysis for all the native backbone hydrogen bonds in the structures A-E at 100 pN. From this figure, it is immediately clear that the structures do not break in a random order but instead in a statistically preferred order, namely CBDEA. The structures C and B tend to break below the typical r for intermediate states, r I ≈ 12 nm, whereas D, E and A tend to break above r I . The data in Fig. 10 .12 thus suggest that the typical intermediate is composed of A, D and E. This analysis does not tell how strong the statistical preference is for the unfolding order CBDEA, since it is based on averages over all events. To check this, the time of breaking of the structures A-E was directly analyzed, so that an unfolding path (a permutation of ABCDE) was obtained for each individual event. Disregarding interchanges of B and D due to partial refolding of the β-hairpin B, it was found that more than 80 % of the events followed the same unfolding path, CBDEA. The order was the same in events with and without intermediate states, and neither did it change between the three different forces studied.
This predicted unfolding order does not agree with the zero-force experiments mentioned above, in which A and B were found to be the most stable structures. Therefore, it should be stressed that the fact that B breaks early in the simulations appears physically reasonable. That C breaks first is inevitable because the other parts cannot sense the force until C is broken (see Fig. 10 .10). The native state is mechanically resistant because C is pulled longitudinally so that several bonds must break simultaneously. Once C is gone, nothing keeps the β-hairpin B from unzipping, one bond at a time. Unzipping requires less force than separation by longitudinal pulling [81, 82] , which makes B likely to break soon after C.
Recently, the thermal unfolding of ubiquitin was studied using the same model [17] to see whether the model actually predicts a different unfolding order in this case. This was found to be the case. In fact, in these simulations, the most long-lived structures were A and B, which experimentally have been found to be the thermally most stable parts of the molecule [74, 75] . A previous computational study compared thermal unfolding, folding and mechanical unfolding for the I27 Ig domain from titin [83] .
Summary
With improved algorithms and faster computers, it is becoming computationally feasible to simulate how small proteins fold to their native states. This is an exciting development that will lead to a better understanding not only of protein folding but also of the interaction of proteins with other molecules and materials. For all-atom simulations of proteins, a number of interaction potentials, at different levels of sophistication, have been developed. The model discussed in this article has a crude but computationally convenient potential, which was developed through folding studies of selected peptides. It is encouraging that this model, despite its simplicity, could be used to study peptide folding and aggregation as well as the mechanical unfolding of ubiquitin, without changing any parameter of the model. The model will be further developed by studying new amino acid sequences, which will impose new conditions on the interaction potential. Hopefully, this will extend the applicability of the model to new interesting problems.
